ABSTRACT To realize the construction of intelligent transportation system, data mining based on large-scale taxi traces has become a hot research topic. A crucial direction for analyzing taxi GPS data set is to recommend cruising areas for taxi drivers. Most of the existing researches merely concentrate on how to maximize drivers' profits while overlooking the benefit of passengers. Such imbalance makes the existing solutions do not work well in a real-world environment. In this paper, we construct a recommendation system by jointly considering the profits of both drivers and passengers. Specifically, we first investigate the real-time demand-supply level for taxis and then make an adaptive tradeoff between the utilities of drivers and passengers for different hotspots. At last, the qualified candidates are recommended to drivers based on the analysis results. Simulation results indicate that the constructed recommendation system can achieve a remarkable improvement on the global utility and make equilibrium between the utilities of drivers and passengers, simultaneously.
I. INTRODUCTION
Vehicuar Social Network (VSN) is a promising way to realize the construction of Intelligent Transportation System (ITS) [1] , which can be viewed as a deep integration of social network and Vehicular Ad-hoc NETwork (VANET) [2] . Plenty of studies have been investigated for social network analysis [3] , to improve Quality of Service (QoS) of clients. As the development of sensors equipped by vehicles, researches in VANET also have fast proliferation in the era of big data [4] . Some emerging applications have gained great attentions, such as traffic offloading for real-time traffic management [5] , energy management [6] , service-demand matching sharing economy [7] and security and privacy in vehicular networks [8] . As the comprehensive integration of sensors and communication technologies, VSN has become a promising platform to tackle issues in ITS, such as road congestion, traffic anomaly and other obstacles. Specifically, floating cars standing for taxis have become an important component in VSNs [9] , [10] .
In recent years, the taxi plays a more and more important role in urban transportation systems for its convenience, comfort and high efficiency [11] . However, the taxi service is confronted with a lot of troubles because of the increasing city scale and population [12] . On the one hand, passengers are difficult to find a vacant taxi during the peak hour. On the other hand, the empty carrying phenomenon of taxi drivers causes unnecessary traffic congestion and energy consumption [13] . GPS technology has been widely used on the taxis in modern city, making large taxi trajectory data collected in a real-time manner. Therefore, how to mine the trajectory data to improve taxi services is an important and challenging issue [14] . Trajectory data based recommendation system can be viewed as a vital part of ITS [15] , by which useful information is provided to drivers or passengers to make them get better travel experiences.
In this paper, we construct an adaptive recommendation system based on the supply-demand level, by which a tradeoff is made between the utilities of drivers and passengers. Then the hotspot with the highest score is recommended to available taxis. The major contributions of this paper are summarized as follows:
• We consider a driver's utility with four factors, i.e., expected revenue, searching time for next passenger, travel distance and preference. Preference means the degree of familiarity for a specific area. An utility function is presented by considering these parameters for assessment.
• We consider a passenger's utility with the waiting time for vacant taxis, which is predicted by mining the pick-up events.
• According to the real-time demand-supply level, we make a tradeoff between a driver's utility and a passenger's waiting time. The score expression of each hotspot is given for recommendation. In this way, we can achieve high utilities for drivers and save a mass of waiting time for passengers meanwhile. The rest of this paper is organized as follows. Section II reviews the related literatures. In Section III, we specify the constructed recommendation system. The detailed model and methodology are illustrated in Section IV. In Section V, we evaluate the system performance. The concluding remark is given in Section VI.
II. RELATED WORK
In this section, we classify the corresponding researches based on taxi trajectory data, and divide the existing recommendation solutions by considering their different targets.
A. TARGET FOR DRIVER
To make a better passenger-hunting recommendation, predicting cruising hotspots is a widely used method. A framework of demand hotspots prediction and recommendation is introduced in [16] . It combines the hotness prediction and location information to calculate attractiveness and generates qualified candidates for each driver. A distributed system is constructed to select high-profit areas on MongoDB and Spark [17] . Recommendation with routes is also helpful, i.e., Hu et al. [18] put forward a route recommendation system to minimize the empty traveling distance before carrying passengers based on pick-up tree. A two-layer model for searching taxi customers is illustrated in [19] . The first layer scans hotspots and uses Huff model to describe their attractiveness. In the second layer, the route choice behavior is analyzed by a path size logit model. Finally, the research about passenger-finding strategy is discussed. Li et al. [20] built a triplet of times-location-strategy and adopted L1-norm SVM as a feature selector to discover both efficient and inefficient passenger-finding strategies.
B. TARGET FOR PASSENGER
Most of the existing recommendation systems for passengers are based on the waiting time for a vacant taxi. In [21] , Zheng et al. utilize the non-homogeneous Poisson process to model the behaviors of vacant taxis. Then the waiting time during different times on different road segments can be estimated. The authors also offer recommendations to potential passengers about where to wait for a taxi based on their estimated waiting time. Xu et al. [22] propose a taxi-hunting recommendation system, which provides passengers with the probability and waiting time to take a taxi within a specific location. In addition, Wu et al. [23] focus on extracting real-time taxi availability and give decisions about whether to take a taxi or not for passengers.
C. TARGET FOR BOTH SIDES
T-finder is a recommendation system for both taxi drivers and passengers expecting to get a taxi side. First, it provides drivers with locations and traveling routes based on the probability of getting a passenger and the profit for the next trip. Second, it offers passengers with locations within walking distance, where they can find an available taxi easily. The above-mentioned information is mined from taxi GPS trajectory. Ning et al. [24] study the double-side issue, which is modeled as a double-auction problem. By their presented scheme, social welfare can be maximized and the allocation of resources also reaches the optimal solution.
Our recommendation system is targeted for drivers and we consider passengers' conditions in the constructed system. By our framework, we can provide a relatively high profit for drivers and reduce passengers' waiting time. Fig.1 presents the overview of network framework. It contains two parts: offline prepocessing and online recommendation.
III. TAXI RECOMMENDATION SYSTEM
For the offline preprocessing part, we extract pick-up points for each time segment from the taxi trajectory. Then we utilize an adaptive Density-based Spatial Clustering of Applications with Noise algorithm (I-DBSCAN) [25] for clustering. The essential knowledge of each hotspot is calculated for online recommendation. Passengers' expected waiting time is predicted based on the information of different hotspots.
For the online part, we retrieve hotspots within certain limits for the correct time segment according to the time and location of available taxis. Then the driver's utility can be calculated based on the knowledge in an offline manner. After evaluating the real-time demand-supply level of the whole area, we can make a tradeoff between the driver's and passengers' utilities. The recommendation score is defined according to the above-mentioned idea. Finally, the hotspot with the highest value is recommended to the driver. 
IV. IMPLEMENTATION OF DEMAND-SUPPLY ORIENTED TAXI RECOMMENDATION SYSTEM
This section introduces the detailed model and methodology, which consists of five stages: demand hotspots scanning, driver's utility analysis, passenger's perspective, demand-supply model and adaptive recommendation. The details are as follows.
A. DEMAND HOTSPOTS SCANNING
By clustering the pick-up points, we can extract information from taxi trajectory to identify candidate demand hotspots. Traditional DBSCAN algorithm is a kind of density-based clustering methods, which can discover arbitrary clusters and deal with noise or outliers effectively. However, two parameters, i.e., Eps and MinPts, are required to be input manually in advance. To minimize the impact of manual intervention on clustering precision, we adopt I-DBSCAN for GPS dataset in this paper.
The main idea of I-DBSCAN algorithm is the value of two parameters can be confirmed based on the statistical property of the dataset. First, we calculate the distance distribution matrix, denoted by Dist n×n as:
where n is the number of pick-up points we extract, and dist(i, j) is the Manhattan distance between GPS point p i and p j . We get the value of each element before sorting them in an ascending order line by line. The data in every column obeys the Poisson distribution as proved in [9] , thus we compute eps i by the mean of the i-th column value for the maximum likelihood estimation:
We set MinPts to a fixed value and then utilize MinPts and eps i to cluster data objects. When the value of i increases, the number of clusters and noise both decrease. When they reach the convergence, the corresponding eps i is the optimal estimation of parameter Eps. For example, by statistical analysis of network clustering with different times, clusting number tends to be stable when i = 11 as shown in Fig.2 , so that we set eps 11 as the value of Eps. Since the influential radius Eps can be determined, we count the neighbors within a Eps radius of each point and compute the expected value as MinPts:
where N Eps (p i ) is the number of points in Eps-neighborhood of point p i . After the two parameters are obtained, DBSCAN algorithm is performed in different time segments. Each cluster represents a candidate demand hotspot in the specific time segment for the later analysis. For each cluster, we calculate the core point. The latitude lat and longitude lng of each point is converted into radians and we get Cartesian coordinates as:
Core point's latitude cenlat and longitude cenlng can be calculated based on the average coordinates x, y, z:
where the function of π is to make sure that cenlng is a positive value. cenlat and cenlng need to be converted back into angles. The process of I-DBSCAN is detailed in Algorithm 1. 16: return clustering results C.
Algorithm 1 I-DBSCAN Clustering

B. DRIVER'S UTILITY ANALYSIS
When we consider a taxi driver as a decision-maker, whether he/she drives to the given hotspot for the next passenger is based on the benefit he/she can obtain and his/her travel pattern. The utility function of the taxi driver leaving for the hotspot i can be specified as:
where V i is the decisive component of the utility and ε i represents individual preference to the specific hotspot. For V i , we take the following three factors into consideration:
• Expected revenue: Hotspot i is the i-th cluster of pick-up points for a time segment. We trace each pick-up event and get all the occupied trips as a set Tr = {tr 1 , tr 2 · · · tr n }. Then the expected revenue r is calculated by:
where |tr k | is the trip distance and f (·) is the local passenger fare-valuation function.
• Searching Time: The average searching time s for the next passenger is obtained by dividing the total searching time of free taxis by the times that passengers get on a taxi in this hotspot during the corresponding time segment.
• Distance: The distance d is an important factor, which can be calculated by the Manhattan distance between a driver's current location and the hotspot center. As a result, V i is determined by:
where β is the unit time cost, and γ is the unit distance cost. Besides the fuel consumption, it includes the total time cost for unit distance estimated by the average speed of a taxi. The symbol ε i reflects the driver's preference to the hotspot i, which is given by:
where st i is the spent time on cruising in hotspot i. When two hotspots have the same value of V i , the hotspot with a higher ε i is more suitable for recommending to the driver because he/she is more familiar with this hotspot.
C. PASSENGER'S PERSPECTIVE
For one passenger's utility, we consider the most important factor, i.e., waiting time w for a vacant taxi. The model proposed in [26] can be utilized to predict the waiting time in a hotspot during the corresponding time segment. The arrival rate of vacant taxis can be extracted from GPS trajectory, and we can generate the arrival flow of passengers indirectly. As result, we can model passengers' arrival flow in the hotspot as a Poisson process with rate λ. For the arrival rate of passengers, we use the rate of pick-up events as an unbiased estimation based on the assumption that the waiting time of different passengers obeys the same distribution.
Since the event interval of Poisson process obeys exponential distribution, the probability density of the interval t between two passengers' arrival is given as:
For passengers, they should arrive one by one in a hotspot and have arrived before he is picked up by a vacant taxi. Thus, the constraint should be satisfied:
where ae i is the occurrence time of the i-th arrival event and pe i is that of the i-th pick-up event.
Based on the illustration above, we can generate the arrival of passengers. The arrival time of the first passenger is generated randomly before the first pick-up event. Then the i-th passenger's arrival follows the (i − 1)-th passenger, and the interval t obeys the truncated exponential distribution:
According to the probability density function above, the arrival time of all passengers can be generated and the expected waiting time w for a vacant taxi is calculated by:
The whole prediction process for a passenger's waiting time is shown in Algorithm 2. 12: w ← 0; 13: for i = 1 to n do 14: w + (pe i − ae i ); 15: end for 16: w ← w/n; 17: return expected waiting time w.
D. DEMAND-SUPPLY MODEL
In this section, we use the method proposed in [27] to estimate demand-supply level in the given research area within a time window T . Since the supply amount can be acquired from taxi dataset explicitly, we have to analyze the demand level implicitly. We divide the time window T into n equal parts, and each part represents a time unit. Thus we can regard timestamp t as the t-th time unit from the starting of the time window. The following are two assumptions for effective evaluation.
Assumption 1: At the starting of the time window, every demand arises in this area homogeneously.
Assumption 2: All the free taxis cruise in the uniform speed for passengers within the time window in this area.
We set α as the possibility that a free taxi becomes hired within a time unit, and it is a definite description about how far a free taxi meets the demand in every time unit. By considering two extreme situation, α tends to be 1 when the demand is overwhelming and vice versa. Therefore, this indicator can be used as the demand-supply level estimation and be calculated by taxi trajectory analysis.
A pair ( t, m) is used to record the trajectory of the taxis entering the area in free state within the time window, where t means the duration for the taxi is free in this area. That is to say, the duration ends when the taxi becomes occupied in the area or is still in free state while leaving the area. The final state of the duration is recorded by m to distinguish the two cases above, where 0 means free and 1 means hired. If a free taxi enters the area at t a and its duration ends at t b , then t can be calculated as follows:
The occurrence probability of ( t, m) on the condition of α is given as:
After extracting all the pairs from taxi trajectory as a set S = {( t 1 , m 1 ), ( t 2 , m 2 ) · · · ( t n , m n )}, the likelihood function of α based on S is:
By making the derivative of the ln(L(S; α)) function be zero, we can get the maximum likelihood estimation valuê α for α by:α
The evaluation of the real-time demand-supply level α in the whole area is illustrated in Algorithm 3.
Algorithm 3 Demand-Supply Level Evaluation
Input: Record of trajectory points for the taxi R = {r 1 , r 2 , · · · , r n } Output: The real-time demand-supply level α 1: S ← ø; 2: for each R do 3: for r in R do 4: if r.location in area and r.state was FREE then 5: get r.timestamp as t a ; 6: while FREE IN THIS AREA do 7: get next record; 8: end while 9: get r.timestamp as t b ; 10: get r.state as m; 11: t ← (t b − t a + 1 − m);
12:
S ∪ ( t, m); 13: end if 14: end for 15: end for 16: sum1 ← 0, sum2 ← 0; 17: for ( t i , m i ) in S do 18: sum1 + t i ; 19: sum2 + m i ; 20: end for 21: α ← sum2/(sum1 + sum2); 22: return real-time demand-supply level α.
E. ADAPTIVE RECOMMENDATION
When a taxi has finished an occupied trip and becomes available, our constructed recommendation system gets its current location and time before retrieving the hotspots within certain limits for the current time segment. The driver's utility U i and the predicted passenger's waiting time w i for the hotspot i can be calculated with knowledge of each hotspot referred above. The Min-Max normalization method is used for the simplification, i.e.,
Then, the recommendation score of the hotspot i is defined as:
Equation (20) makes a tradeoff between the driver's and the passenger's utilities. A high real-time level α shows the case that the demand is increasing compared with the supply, so that we should consider more about the passenger's utility when recommending the pick-up hotspot. On the contrary, a low real-time level α makes us concentrate on the driver's utility. After calculation, the hotspot with the highest score is recommended to the driver. The whole recommendation process is summarized in Algorithm 4. In addition, we have two metrics to evaluate our constructed recommendation system: 
w ∪ h i .waitingtime; 10: end for 11: Min-Max normalization for simplification; 12: Evaluate real-time demand-supply level α based on curtime using Algorithm 3; 13: for U * i , w * i corresponding to each hotspot do 14: score
if score > MaxScore then 16: MaxScore ← score;
17:
MaxId ← i; 18: end if 19 : end for 20: return recommended hotspot h MaxId .
• Drivers' Average Utility: After the recommendation system performs, the real utility of each driver in recommendation test is calculated and we can get the average value.
• Passengers' saved waiting time: We assess passengers' real waiting time w i for the hotspot i and get the total saved time W compared with the predicted value w i by:
We evaluate our recommendation system considering both sides compared with the method which only considers drivers' utility or passengers' waiting time in the next section.
V. PERFORMANCE EVALUATION A. DATASET
We evaluate our recommendation system based on a realworld taxi trajectory data set generated by over 30000 taxis in Shanghai in April, 2015. Programming language is Python, and evaluation platform is JetBrains Pycharm. Data format is shown in Table 1 . We divide a whole day into time segments for each hour and performance evaluation is conducted during the period from 8:00AM to 9:00PM. We use the historical data ranging from April 1-14, i.e., two weeks, for training the system to evaluate performance in April 15. The time window for demand-supply level estimation is set to 30 mins.
For the operation of extracting pick-up points from trajectory data, we have three steps to perform:
Step 1: A shift of a taxi's state means a pick-up or dropoff event. The state changing from 0 to 1 indicates a pick-up event. When a trajectory point p i meets the condition that p i−1 .state = 0 and p i .state = 1, we extract this point as the candidate pick-up point.
Step 2: Given the fact that the velocity after a pick-up event shortly is supposed to be not too high, if the candidate pick-up point p i 's velocity is over the threshold we set, it should be removed. In this paper, we set the velocity threshold to 30km/h. Step 3: Because there is the probability that different cars' trajectory data are mixed, the reality of the pick-up point we extract may be influenced. If the time interval between two pick-up events for the same car is extremely short, we have the reason to abandon the data. After pick-up points are extracted properly, we cluster the pick-up points using I-DBSCAN to generate hotspots for specific time segment repeatedly and determine their final distribution. Then, the necessary knowledge of hotspots can be calculated each day to prepare for the following processing.
B. EWMA MODEL
The Exponentially Weighted Moving Average (EWMA) [28] is a method of dealing with sequential data. When the data are at wider intervals with current time, less weight is given. This is because the longer the time goes, the less influence it has on the evaluated day. The statistic is calculated as: (22) where E(i) is the i-th day's statistic value for EWMA, Y (i) is the real value of the i-th day. The mean of historical data id denoted by E(0), and σ is a historical weight coefficient, given by:
where n is the number of experiment days. In addition, we utilize EWMA algorithm to process the knowledge of each day, i.e., driver searching time, and get statistic results for the recommendation of the evaluation days.
C. PERFORMANCE EVALUATION
This subsection specifies the performance evaluation. First, passengers' arrival for different hotspots is generated by Algorithm 2, and can be modeled as a Poisson process. We also trace each trip to the destination for real revenue evaluation. Then, the drivers who have been recommended are mined from the trajectory data. When a taxi appears in the experiment area in available state for the corresponding time segment, its information can be collected into record database. We select about 1/3 amount of such taxis randomly for simulation. After the right hotspot is recommended based on our system, the arrival time for this hotspot will be predicted, based on which the driver's arrival for different hotspots can be generated. By analyzing both sides' arrival, we can get the corresponding searching time for drivers and the corresponding waiting time for passengers. Finally, drivers' average utility and passengers' saved waiting time can be computed as metrics.
We conduct experiments in two areas in Shanghai, i.e., Huangpu district and Baoshan district. Huangpu district is smaller and more prosperous than Baoshan district. We present the experiment results as follows: Fig.3 shows the hotspot distribution in Huangpu district for different typical time segments.
1) EXPERIMENTS IN HUANGPU DISTRICT
We consider both the sides of drivers and passengers, and calculate the drivers' average utility and the saved waiting time of passengers after recommendation. We also perform the algorithm only considering drivers or passengers for comparison. For the algorithm only considering drivers, we set α to 0 in Equation (20) and vice versa.
For drivers' average utility, the algorithm only considers that the drivers can definitely get the highest value. Similarly, the algorithm only considers the passengers saves the largest waiting time. In addition, we define the different value between the given average utility of drivers and the highest value as the average utility loss of drivers.
As shown in Fig.4 , our constructed system achieves good performances. The driver average utility loss is about 12.9%, comparing with the algorithm only considering passengers. However, the saved passenger waiting time by our system can reach about 69.8% of the largest saved waiting time, comparing with the algorithm only considering passengers. Fig.5 shows the hotspots distribution in Baoshan district for different typical time segments. The number of hotspots is smaller, although the area is larger than Huangpu district.
2) EXPERIMENTS IN BAOSHAN DISTRICT
From Fig.6 , the drivers' average utility and passengers' saved waiting time are generally lower than those in Huangpu district. This is because larger suburb means longer searching time, longer driving distance for drivers and uncertain waiting time for passengers. In this area, our constructed system may perform not as well as in Huangpu district. The average utility loss of drivers in our system is about 19.5%, comparing with the algorithm only considering passengers. However, the saved passenger waiting time by our system can still reach about 55.8% of the largest saved waiting time, comparing with the algorithm only considering passengers. To some extent, the phenomenon may be caused by the poor traffic flow.
We have some interesting observations based on the experiment results in different areas. First, by observing the chart for driver average utility and passenger saved waiting time, we find that they have the similar peak period, for example, 10:00AM and 2:00PM. This phenomenon happens in both areas. This is because the driver can get higher utility during this period, which means he/she can find passengers easily with less searching time or shorter distance. In turn, it also implies that large number of passengers are waiting for vacant taxis during this period, which means our recommendation system can save more waiting time. Then we find driver utility is always low in Baoshan district, while it can reach the largest value at night, i.e., 8:00PM to 9:00PM. By observing the hotspots distribution figure at 8:00PM, we find major hotspots surround a large night market, resulting in the reason of abnormality.
VI. CONCLUSION
In this paper, we construct an adaptive recommendation system by jointly considering the benefits of drivers and passengers. First, a spatio-temporal clustering method named I-DBSCAN is leveraged to group pick-up locations into different clusters. Second, to improve the drivers' utility, kinds of metrics including expected revenue, driving distance, searching time and preference are taken into consideration. By mining the trajectory data, drivers' utility calculation and passengers' waiting time prediction can be fulfilled. Then, we evaluate the real-time demand-supply level for the whole area, and make a tradeoff between drivers' and passengers' utilities, by which the score function of each hotspot can be calculated. The hotspot with the highest value is recommended to the driver. At last, we conduct the experiment in two different areas based on real-world taxi trajectory data. The effectiveness of our proposed system is proved by comparison analyses.
For the future work, we plan to consider more metrics. For drivers, they may pick up a passenger halfway. Thus, the influence of middle source cannot be ignored. For passengers, tolerance threshold of waiting time deserves to be considered. In addition, some external metrics, such as road network and traffic controlling, are important.
